reduced. When single-channel detectors are employed, multiple vehicles arriving concurrently in different lanes will be counted as one vehicle. As a result, the traffic volume data collected from the singlechannel detector are inaccurate. In the past, traffic data could relatively easily be collected in real time by manual means. Real-time highresolution volume data automatically collected by loop detectors were not necessary. With the development of the intelligent transportation system (ITS), collecting real-time data has become more and more important. Many arterial-related research projects (4-6) have relied heavily on data directly collected from the existing loop sensors because this is one of the most cost-effective ways to retrieve traffic data using existing data collection facilities without installing new sensors. Research is currently limited by the constraints imposed by the implementation of single-channel loops, leaving agencies to directly use the single-channel data without correction as a compromise.
reduced. When single-channel detectors are employed, multiple vehicles arriving concurrently in different lanes will be counted as one vehicle. As a result, the traffic volume data collected from the singlechannel detector are inaccurate. In the past, traffic data could relatively easily be collected in real time by manual means. Real-time highresolution volume data automatically collected by loop detectors were not necessary. With the development of the intelligent transportation system (ITS), collecting real-time data has become more and more important. Many arterial-related research projects (4-6) have relied heavily on data directly collected from the existing loop sensors because this is one of the most cost-effective ways to retrieve traffic data using existing data collection facilities without installing new sensors. Research is currently limited by the constraints imposed by the implementation of single-channel loops, leaving agencies to directly use the single-channel data without correction as a compromise.
Inductance loop-related issues have been investigated by many researchers. Most previous research focused on freeway loop detectors (7) (8) (9) (10) (11) . For arterial loops, the impact of different detection schemes on traffic signal control was investigated (12) (13) (14) (15) . However, little research has been done for single-channel loop data correction. It may be because of the complexity of data correction or ground truth data collection that was not feasible in the past. To address these issues, this study aims to evaluate the data collection errors resulting from the single-channel detection scheme and develop mathematical models to correct the volume data collected by the single-channel detector. With such models single-channel loop outputs can be correctly tuned without altering the existing infrastructure, and data collection costs can be reduced. This paper is organized as follows. In the next section, a problem investigation will provide a more detailed overview of the problem. Then, the paper will focus on the development of the probabilitybased model to further elaborate the issue mathematically. Two probability-based nonlinear models (NMs) will be constructed for both the two-and three-lane cases. Correspondingly, multiple linear regression models will be built for comparison purposes. Both nonlinear and linear models (LMs) will be calibrated based on reallife data, followed by model verification. A summary of the study and suggestions will be made at the end.
PROBLEM STATEMENT
As mentioned in the first section, the single-channel detector has multiple lanes wired together and cannot identify calls from each individual lane that is occupied by vehicles. Longer loop detectors and highly congested conditions may increase this type of error. Under such a detection mechanism, vehicle volume observed by such detectors is distorted. This problem could become more serious with increasing numbers of lanes at one approach.
METHODOLOGY

Probability-Based Misdetection Model
To fully understand the data collection problems resulting from singlechannel loop outputs, building a probability-based model can provide in-depth insight into the relationship between unsuccessful detection and traffic headway characteristics (16) . As mentioned in the Problem Statement, the errors in Case c are relatively rare among three types of errors. Therefore, the errors in Cases a and b are the most common and were focused on in the modeling process. In this regard, the singlechannel loop detector can count vehicles correctly when only one lane is occupied while the others are not. In other words, if more than one lane is occupied by vehicles, these will be mistakenly counted as a single vehicle. This case is regarded as "misdetection" in this paper. While this paper aims at modeling and correcting misdetection data for advance loop detectors [usually 100 ft (30.48 m) away from the stop bar] at signalized intersections, the methodology could be extended to address similar problems for various loops located at different locations at an intersection approach.
Let X be the number of vehicles crossing over a loop during a given time interval, T, and A i represent the event that the advance loop detector on the ith lane is occupied by vehicles. P(A i ) is the probability of at least one vehicle crossing over the detector in the ith lane. P(A′ i ) is the probability of no vehicle crossing over the detector in the ith lane. It is assumed that the number of vehicle arrivals λ during time interval T follows a Poisson distribution. In general, λ may change over time and such a process is regarded as a nonhomogeneous Poisson process (17, 18) Assuming the arrival on each lane is equal and mutually independent, the probability of misdetection can be defined as After substituting Equation 2 into Equation 4, the probability of misdetection for the two-lane scenario can be expressed as For multilane scenarios, Equation 4 can be further extended by using set theory (19) . Therefore, the probability of misdetection when "two or more than two lanes are occupied by a least one vehicle" in the threelane scenario can be calculated using set operations and expressed as Similarly, the probability of misdetection for the four-lane scenario is
When more lanes are employed in one approach, the corresponding formula can be computed accordingly based on the mathematical induction fundamentals. Because more than four lanes are rarely observed in practice, their calculation will not be emphasized in this paper.
As shown in Equations 5 to 7, misdetection is determined by crossing time, closely associated with the vehicle speed, arrival rate, and the number of lanes on which the loop detectors are wired together. Figure 2a shows the relationship between different arrival rates (average volume per lane) and the probability of misdetection by different vehicle speeds in the two-lane scenario. As vehicle speed reduces, the probability of misdetection will rise significantly. This situation is common for other lane configurations. Figure 2b shows the relationships between different arrival rates (average volume per lane) and the probability of misdetection by different numbers of lanes assuming a constant vehicle speed of 10 mph (14.67 km/h). The more lanes are wired together, the higher the probability that a misdetection will occur. Note that the probability model does not fully consider the effect of error from Case c. In the event of high congestion, misdetections will happen more frequently than is shown.
Volume Data Correction Formulation
In this section, the volume correction models for the two-and threelane scenarios are formulated, respectively. Two types of models are built for each scenario: the NM based on the probability-based misdetection model introduced earlier and traditional multiple linear regression models.
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Probability-Based NM
Two-Lane Scenario
As mentioned, misdetection means the multiple vehicles in different lanes are counted as one vehicle. Theoretically, the volume data collected from a single-channel detector (hereafter, the term "singlechannel volume" is used) should be lower than the ground truth volume entering the same detector because of the single-channel effect. If the portion of "misdetected" volume is deducted from the total ground truth volume, the result must be equal to the volume collected by the single-channel detector. The relationship can be formulated as Zhang (6), the spot speed for the vehicle can be derived from the relationship between volume and concentration.
where q can be directly measured from the loop detector and concentration d (veh/mi) can be calculated from detector occupancy measurement Occ(%) and the average effective vehicle length (L veh + L loop ) as shown in Equation 11 where k = 52.8 is the unit conversion factor (from feet to miles). After substituting Equation 11 into Equation 10, the spot speed is formulated as Then, the travel time for each vehicle crossing a loop can be recalculated as
However, the single-channel (advance loop) detector cannot directly measure accurate Occ and q. Instead, the detector measures biased occupancy, Occ s and total volume Q. Moreover, λ is the vehicle arrival rate entering the single-channel detector and may follow a mathematical relationship with Q [e.g., Q = f(λ)]. Therefore, the term k is replaced with a model parameter α. After calibration, this parameter should be able to capture the relationship between and and the relationship between Q and λ, as well as other unexplainable factors. Therefore, the model shown in Equation 9 is redefined as
Three-Lane Scenario
To build the relationship between single-channel volume, Q, and lane-by-lane volume, q, the probability of misdetection in Equation 6 should be decomposed into two parts because the volume correction should be treated differently when different number lanes are occupied. Based on set theory, the probability of misdetection can be further separated into P′ mis,3 (exactly three lanes are occupied at the same time) and P′ mis,2 (exactly two lanes are occupied at the same time) as shown in Equation 15:
The single-channel volume, Q, should be equal to the total ground truth volume minus the volume collected when vehicles in three lanes are misdetected as one vehicle, 2qP′ mis, 3 , and when vehicles in
two lanes are misdetected as one vehicle, qP′ mis,2 . This relationship can be formulated in Equation 16 .
After Equations 2, 15, and 16 are combined, the volume correction model can be formulated as Equation 17 .
Similar to the derivation for the two-lane scenario in Equations 10 through 13, −λT can be replaced with Occ s /Q multiplied by a parameter. In the three-lane scenario, two parameters, α and β, are used to capture more variations as shown in Equation 18 .
DATA COLLECTION
To calibrate the proposed probability-based NM and multiple linear regression models, ground truth volumes are indispensable. However, it is difficult to collect ground truth volume using the same loop detectors since they are already wired together. To collect enough samples in this study, manual means may not be efficient and sample size would be small. Hence, collecting data from an upstream detector could be a possible solution assuming the upstream is not distant from the advance detector. Two types of detector data were collected from the City of Bellevue in Washington State: the advance detector and the system detector. The advance detector is located approximately 120 ft (36.6 m) upstream from the stop bar. As of 2009, there were more than 500 advance detectors, a majority of which are wired together and serve as primary data input to the traffic management center (TMC). The system detector is a lane-by-lane-based detector, located 250 ft (76.2m) to 300 ft (91.4m) upstream from the stop bar. Only a limited number of communication channels can send system detector data back to TMC. Thus, seven two-lane study sites (intersection approaches) and three three-lane study sites were selected based on various roadway characteristics and availability. The description of the study intersection approaches are listed in Table 1 .
DATA CHARACTERISTICS
The real-time volume data were aggregated for each cycle. If the congestion is severe or cycle failure happens, the volume difference between advance loop data and system loop data will increase. Nevertheless, the effect of the volume difference is expected to be handled by the modeling process. Figure 3 shows two examples of the relationship between volume data collected from the advance detector and the system detector, representing single-channel data and (lane-by-lane) ground truth data, respectively. Because of the singlechannel effect, most volume data were underestimated. The high volume samples circled by a dashed circle in Figure 3b are also with higher occupancy values (mostly greater than 50%). In other words, when traffic is congested, volume collected by the (single-channel) advance loop will likely be underestimated. 
MODEL CALIBRATION AND VERIFICATION
Model Calibration
The nonlinear least squares technique (20) was applied to calibrate the proposed probability-based model. Details of the modeling techniques can be found in Ritz and Streibig (20) . The model results are listed in Table 2 and the data set description is listed below: 18) was calibrated using the data set collected at Intersection 27 (WB) from 7:00 to 9:00 a.m. on Wednesday, July 1, 2009. Table 2 , all the calibrated parameters in these models were significant at the p = .05 level except NM 4. This could be because the sample size was relatively small or samples contained more random errors. Still, the model will be evaluated in the Model Verification section.
As shown in
Multiple Linear Regression Model (LM)
Linear regression is one of the most common econometric techniques and suitable for modeling a wide variety of relationships between (22) . Importantly, the model was forced to pass through (0.0). Compared with the same model with y-intercept, the study found that the models without y-intercept not only can provide better goodness of fit but also provide more accurate estimation. It is reasonable because the relationship between two types of volumes starts from origin (0.0).
Four LMs-LM1 through LM4-were built for this study. Each LM was built using the same data set used by the counterpart of the NM. For example, LM1 and NM1 used the same data set, so they can be comparable. Table 3 shows the final results for all the LMs. LM1 has the highest number of variables (seven) and all of them are significant at the p = .05 level. Note that the interaction effect between volume and occupancy (single-channel volume * singlechannel occupancy) was captured in LM1. This shows volume and occupancy measured from a single-channel detector affect each other but the effect is minor (coefficient = 0.002).
All the LMs have fairly high goodness of fit (adjusted R 2 > 0.9) except for LM2. Since LM2 was modeled by the data collected during morning peak hours, the data collection sites were more congested than other study sites. Moreover, the sample size is fairly small (100 cycles). Therefore, it is not surprising that the nonlinear relationship between the dependent and other independent variables cannot be better fitted. Overall, the single-channel volume and singlechannel occupancy variables are included in the four models. Moreover, the high t-values (low p-values) for both variables show their strong association with the LMs. 
Model Verification
To verify the robustness of the model, three measures of accuracy are used in this study: mean absolute error (MAE), mean absolute percentage error (MAPE), and root-mean-square error (RMSE) and are defined as follows (21) .
where G t = ground truth volume at time interval t, F t = forecast (corrected) volume at time interval t, and n = total number of samples for verification.
Estimation error is defined by the difference between G t and F t . MAE provides an average view of all errors. The MAE difference between the volume collected by the single-channel detector and the volume corrected by the proposed model is regarded as improvement. RMSE also can measure the average magnitude of the error but it gives a relatively high weight to large errors. Hence, RMSE can provide better insight into the large errors. The MAE and RMSE can be used jointly to determine the variation of the errors. The greater the difference between these two measures, the greater the variance in the errors. MAPE can express the error as a percentage. Unlike RMSE, MAPE does not "exaggerate" the error.
To perform before-and-after comparisons, all F t s in Equations 20 to 22 were replaced with the original single-channel volume collected by the advance detector and all the "before" measures were calculated accordingly. The verification data were collected from all the test sites during the entire period of Tuesday through Thursday, July 7 to 9, 2009. Table 4 and Figure 4 show the model verification results for the twolane scenario. Figure 4 provides prompt visual comparisons between the single-channel and the corrected volume data by the proposed models. Figures 4b and 4d . NM2 and LM2 were built using a very small data set with 100 samples (cycles). Obviously, NM2 is superior to LM2 but also provides similar correction capability as NM1 does. Importantly, this indicates the proposed NMs require minimal calibration effort and are suitable for practical application. For both LMs and NMs being compared, the higher the original errors were, the more errors the models could correct. Importantly, NM1, NM2, and LM1 can effectively reduce the errors of singlechannel volume to 70 veh/h. Overall, LM1 slightly outperformed NM1 by capturing more random effects and reducing the error variance effectively. However, NM2 significantly outperformed LM2 according to all measures of accuracy. In some cases, it even outperformed NM1. Thus, NM2 can be a suitable alternative for NM1. It should be noted that, in Table 4 , both NM1 and NM2 have low MAPEs, 18.6% and 20.0%, respectively. This indicated that both NM1 and NM2 can fix the data evenly at all volume levels. Table 5 and Figure 5 show the model verification results for the three-lane scenario. Comparing Figure 5d with Figure 5b , LM3 fits the data better than NM3 because it effectively corrected the long tail circled in Table 5a . This "tail" was the data collected from Intersection 56 (SB). This study site has the longest link length [1,050 ft (320 m)] among all test sites and the parameter, Link length, in LM3 successfully captures this effect.
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According to Table 5 , all the results are similar to the ones in the two-lane scenario. Similar to the two-lane scenario, LM3 slightly outperforms NM3 by a 5.6% improvement in MAE. Compared with NM3 and NM4, LM3 has lower RMSEs but a higher MAPE. Both NM3 and NM4 have a relatively lower MAPE but higher RMSE than both LMs. It should be noted that NM4 only used a small data set to calibrate but provided similar improvements as NM3 and LM3 did. This is also true for NM2 in the two-lane scenario. This indicates that the NM is also appropriate for correcting single-channel volume data with little calibration effort.
Based on the results shown in Figures 4 and 5 , the scatter plots of all NMs, LM1, and LM3 are nearly diagonally symmetric. This symmetry implies that system errors were mostly removed but the scatteredness of the plot also implies the random errors still exist. Though the LMs can capture more random errors, the random errors are fairly difficult to explain in the model. Theoretically, if the probability-based model is calibrated properly, these random errors should be canceled out with increased sample size. That is, the averaged hourly/daily volume estimated by the model should be very close to the ground truth volume. Figure 6 demonstrated the examples of the application of the proposed models on July 7, 2009. The hourly volumes were estimated by averaging all estimated volumes within every hour. For the two-lane scenario, Intersection 46 westbound (WB) showed the least improvement in errors in Table 4 , especially for NM1 (18.0%). However, NM2 only resulted in a slightly higher MAE (8.23 veh/h) compared with the best model's (LM1) MAE (7.43 veh/h). This shows the NM can effectively remove the system errors and random errors could be reduced by increasing sample size.
For the three-lane scenario, Intersection 56 (SB) showed the least improvement in error correction among all three-lane study sites. Compared with LM3's (best model) MAE (40.57 veh/h), NM4 resulted in a slightly lower MAE (35.51 veh/h) instead. It should be noted that NM2 and NM4 were built with 2 h of data collected from another two intersections on July 1, 2009 whereas the LM1 and LM3 were built based on the complete data set collected from all study sites on the same day. Based on the model application results, NM2 and NM4, calibrated using a small data set, can estimate hourly volume as accurately as the other well-calibrated models in two-and three-lane scenarios, respectively. The results demonstrate the applicability, transferability (site-independent), and accuracy of the probability-based NMs that can effectively correct single-channel volume.
CONCLUSIONS AND RECOMMENDATIONS
This paper presented a probability-based approach for correcting data errors from single-channel loop detector outputs. Two probabilitybased NMs were proposed for two-and three-lane scenarios, respectively. Two corresponding LMs were proposed for comparisons. Each NM and LM were calibrated and verified by real-life data. The results showed that both NM and LM can effectively correct the single-channel volume data.
The LM can slightly outperform the NM by reducing more random errors only if all possible variables and a huge data set are included in the modeling process. Based on the model application results, the single-channel volume corrected by the NM was approximately equal to the ground truth volume with minor errors but the model is much simpler than LMs. Only one or two parameters need to be calibrated. Variables, such as cycle length and speed limit, are not required. Moreover, the NM requires much less effort in calibration. In other words, manual counts are sufficient for NM calibration. To provide better estimation, other types of ITS sensors can be used to increase sample size to calibrate the model more precisely. Importantly, the calibrated NMs are location-independent. If the locations have similar characteristics, the NM could be transferable and accuracy would still be maintained.
Though the proposed NMs demonstrated its strength in volume data correction for the single-channel loop detector, model applicability and further studies are recommended as follows. First, these models may not be applicable to the areas with diverse or varying traffic compositions. If the vehicle composition varies greatly in an area, the model parameter(s) may not effectively capture the randomness of traffic characteristics (e.g., varying effective vehicle length) and may lead to biased correction results. The study demonstrated its applicability in low truck volume area (2% of trucks). However, impacts of high truck volume on the NMs should be further investigated, especially in the industrial areas where a large number of trucks are involved in the traffic. Second, this study was conducted using the data retrieved from the system loop, which may cause additional random errors. Calibrating the NMs using other data sources, especially manual count data, should be further evaluated in future studies. Lastly, the proposed NMs potentially can be extended to correct volume data collected by other configurations of singlechannel loops. However, future studies will be needed to verify its applicability.
